Processing of data recorded by MODIS sensors on board the polar orbiting satellite Terra and Aqua usually provides Aerosol Optical Thickness maps at a coarse spatial resolution. It is appropriate for applications of air pollution monitoring at the global scale but not adequate enough for monitoring at local scales. Different from the traditional approach based on physical algorithms to downscale the spatial resolution, in this article, we propose a methodology to derive AOT maps over land at 1 km 2 of spatial resolution from MODIS data using support vector regression relied on domain knowledge. Experiments carried out on data recorded in three years over Europe areas show promising results on limited areas located around ground measurement sites where data are collected to make empirical data models as well as on large areas over satellite maps.
INTRODUCTION
Remote Sensing allows to measure physical properties of objects without actually being in contact with them. Using devices installed on board aircrafts or satellite platforms, Remote Sensing applied to the Earth Observation makes it possible to monitor the Earth-Atmosphere system through the analysis of the interaction of radiation with matter. The signal received by satellite optical sensors is the sum of several contributions due to scattering, absorption, reflection and emission processes. Image processing techniques and specific algorithms are applied on that information to extract (direct measurement) or estimate (indirect measurement) the environmental parameters and their characteristics which are used in a large variety of applications for Earth Observation (Agriculture, Atmosphere, Forestry, Geology, Land Cover and Land Use, Mapping, Oceans and Coastal).
For Atmosphere applications focused on the Climate Change and on the human health, the Aerosol Optical Thickness (AOT) has been recognized as one of the most important atmospheric variables to be monitored from local to global scale. AOT is representative for the amount of particulates present in a vertical column of the Earth's atmosphere. Aerosol concentration can be measured directly by ground-based sensors or estimated by processing data recorded by airborne instruments or by satellite-based sensors. Ground measurements have usually high accuracy and temporal frequency (hourly) but they are representative of a limited spatial range around ground sites. Conversely, satellite observation provides information at global scale with moderate quality and lower measurement frequency (daily).
MODerate resolution Imaging Spectrometer (MODIS) is a multispectral sensor on-board the two polar orbiting satellites Terra and Aqua, launched in 1999 and 2002, respectively and operated by the National Aeronautic and Space Administration (NASA). These satellite sensors provide observations nearly the entire globe on a daily basis, and repeat orbits every 16 days. MODIS sensors perform measurements of sectorial radiances in the solar to thermal infrared spectrum region from 0.41 to 14.235 µm. Using MODIS-measured spectral radiances, physical algorithms based on Look-Up Table (LUT) approaches have used since 90s to generate the aerosol products for Land and Ocean areas in Collection 004 (Kaufman and Tanre, 1997) and following improved releases (Collection 005 (Remer et al., 2004) , Collection 051 and the newest Collection 006 issued in 2006, 2008 and 2012, respectively) .
Over the Land areas, the aerosol optical thickness is derived using the Dense Dark Vegetation (DDV) approach. Firstly, all cloudy pixels are removed by cloud scanning process. After that, dark pixels are identified by low reflectance values in the mid infrared channel 2.13 µm. Reflectance in 0.645, 0.466, and 2.13 µm over dark pixels are used to derive the optical thickness in those three channels. For the inversion process, in Collection 005, parameters of different aerosol models consisting of Continental, Neutral/Generic, Non-absorb/Urban Industry, Absorbing/Heavy Smoke, Spheroid/Dust models are calculated and stored in LUT. The algorithm assumes that aerosol properties over a targeted pixel are presented by proper weightings of one finedominated aerosol model and one coarse-dominated aerosol model. Spectral reflectance from the LUT is compared with MODIS-measured spectral reflectance to find the best match that is the solution to the inversion process.
Machine learning approaches applied in aerosol optical thickness processing have recently been investigated and presented in various applications ranging from classification of aerosol components (Ramakrishnan et al., 2005) , prediction based on time series data (Lu et al., 2002) (Osowski and Garanty, 2006) (Chen and Shao, 2008) (Siwek et al., 2008) , to estimation of aerosol content and properties from different sensors (Okada et al., 2001 ) (Han et al., 2006) . Related to MODIS aerosol retrievals, proposed approaches often follow a general framework that applies machine learning techniques on data collected by different instruments. Firstly, integrations of ground-based measurements AErosol RObotic NETwork (AERONET) and data recorded by satellite sensors (Multi-angle Imaging SpectroRadiometer (MISR) and MODIS (Xu et al., 2005) or only MODIS (Vucetic et al., 2008) (Lary et al., 2009) are made. After that, Neural Networks (NNs) or Support Vector Regression (SVR) techniques are applied on integrated data to derive aerosol content and properties. This method proved efficiency in reducing processing time (Okada et al., 2001) , dealing with data uncertainties (Vucetic et al., 2008) (Obradovic et al., 2010) , improving estimation accuracy (Xu et al., 2005) (Vucetic et al., 2008) (Nguyen et al., 2010b) , flexibly updating new inversion models, and easily extending to other types of sensors. However, the limitations of this approach are the data dependence and the complexity of the modeling process.
The best available spatial resolution provided by MODIS standard aerosol products, up to now, is 10x10 km 2 which is adequate for monitoring at the global scale but not fine enough at local scale. Several researches have been aiming at deriving more detailed aerosol information covering areas of 3x3 km 2 (Nguyen et al., 2010a) , 1.5x1.5 km 2 (Oo et al., 2008) , or 1x1 km 2 to adapt the application to local monitoring. These works have exploited the physical algorithms to derive the finer spatial resolution maps of aerosol. Related to researches applying machine learning techniques to improve MODIS optical thickness retrieval as reviewed above, the 10x10 km 2 resolution was considered. Besides, most of machine learning technique proposals are tested in pixel domain referred to as pixels around locations where data are collected to make data models instead of a really map domain referred to as continuous pixels over satellite maps.
In this article, we propose a methodology to derive from MODIS Level 1B data aerosol optical thickness at 1x1 km 2 over land using SVRs relied on domain expert knowledge. This work aims at providing the aerosol local monitoring from MODIS observations and exploiting advantages of machine learning techniques in deriving optical thickness. The proposed approach has to deal with two challenges which are (i) a very large and noisy dataset as a result of the goal to obtain the 100 times more detailed map (1x1 km 2 resolution in comparison with 10x10 km 2 resolution) and (ii) the transition from pixel domain to map domain in which data models created by data collected on sparse locations are applied on large and continuous map areas. The proposed methodology was developed and tested on real data collected over European areas in three years from 2007 to 2009 and presented promising results.
The main contribution of our works is the proposal of using SVR for downscaling AOT from MODIS. The proposed methodology is able to deal with mentioned challenges and derived AOT at the 1x1 km 2 spatial resolution from MODIS data with satisfactory prediction quality in comparison with both ground AERONET values and standard MODIS AOT maps. For the data modeling process, the contribution is the usage of filtering and clustering techniques relied on domain knowledge and applied before building SVR models. It benefits in reducing data noises and also in solving problems of large training datasets which are very serious especially for high resolution satellite data. The mentioned techniques are promising as they exploited physical aspects of aerosol and satellite measurements. Last but not least, the methodol-ogy was designed towards an application of MODIS but it will be easy to apply and create new empirical data models for other satellite sensors that implement as new physical algorithms.
The article is organized as follows. The proposed methodology including data description, data integration, filtering and clustering methods, SVR inversion process, and the map prediction framework will be described in Section 2. Experiments and results on data modeling and validation on the map prediction will be described and discussed in Section 3. Finally, conclusions are given in Section 4, together with hints about future works.
METHODOLOGIES
In this section, we present the methodologies to create SVR models and to predict AOT maps from MODIS data. Firstly, satellite-based data and ground-based measurements in the areas of interest are collected. Secondly, data from difference sources are integrated to solve the differences of temporal and spatial resolution. After that, filtering and clustering techniques exploiting physical aspects of data are applied in order to reduce noise and total amount of data, and to separate them into groups having different characteristics. In the fourth step, SVR is used to create data model for each cluster of data. The flowchart of model generation is presented in Figure 1 . Finally, in the map prediction framework, aerosol maps at spatial resolution of 1 km 2 are derived from MODIS Level 1B data using SVR models.
Data Collection
In this section, we describe the datasets used to develop empirical data models as well as to input for the map prediction framework. We collected the data covering Europe in three years from 2007 to 2009 and consisting of MODIS L1B data, MOD04 L2, Land Cover (LC) map, and AERONET data Level 2.0. MODIS L1B data acquired by MODIS sensors on board the Terra and Aqua satellites present measurements of a spectrum region from 0.415 to 14.235 µm divided into 36 channels at 1 km, 500 m, and 250 m resolution at nadir. A scene covers an area on the Earth surface of 2030 km in the direction of the satellite orbit and of "1354 km" of non-uniform width (i.e. the real pixel size projected on the earth far away from nadir is larger than those at nadir because of the influence of instrument scan and the earth's curvature) (Ren et al., 2010) . The spectral reflectance are calibrated, geo-located and provided in products named MOD02 for Terra. In addition, the corresponding geo-location product containing geodetic coordinates, ground elevation, solar and satellite zenith and azimuth angles for each 1 km sample is provided together with L1B data, known as MOD03 for Terra. Land Cover maps present information of the Earth surface which is used as an attribute contributed to data modeling and as a mask for the cloud screening process before applying aerosol retrieval algorithms. LC maps are produced by a spectral rule-based software system (MEEO, 2011) that provides 57 different classes, out of which 40 refer to different land types.
AERONET is the global system of groundbased Remote Sensing aerosol network established by NASA and PHOTONS (University of Lille 1, CNES, and CNRS-INSU) (NASA, 2011) . Aerosol Optical Thickness is measured by CIMEL Electronique 318A spectral radiometers, sun and sky scanning sun photometers in various wavelengths: 0.340, 0.380, 0.440, 0.500, 0.670, 0.870, 0.940, and 1.020 µm, in intervals of 15 minutes in average. After data processing steps, cloud-screened and quality-assured data are stored and provided as Level 2.0. In our work, AERONET data Level 2.0 are collocated in space and synchronized in time with satellite-based data, and then considered as target values for SVR models.
Data Integration
As described in the previous section, data are collected from different sources have different temporal and spatial resolutions which can be solved by the integration process. Satellite data include MODIS L1B data (MOD02 and MOD03) and LC maps at 1 km 2 resolution, MODIS aerosol products (MOD04 L2) at 10 km 2 resolution. Ground-based data are obtained from AERONET distributed sites.
All satellite maps are acquired at the same time and location, thus, only re-sampling process is applied to refine MOD04 L2 products to 1 km 2 spatial resolution. However, satellite-based and groundbased data have different temporal resolution (every day versus every 15 minutes, respectively) and different spatial resolution (1354 by 2030 of 1-km-pixel maps in comparison with site points). Therefore, we apply the time and location constrains to make data integration, as proposed in (Ichoku et al., 2002) . Satellite data are considered if pixels are located over land, cloudy-free and their distances from AERONET sites are within radius R of 30 km. Meanwhile, the contemporaneous measurements of AERONET instruments are selected and averaged within a temporal window T of 30 minutes around the satellite overpasses. The integration is illustrated in Figure 2 .
Satellite-based and ground-based integration is applied to create data samples for data modeling process. The usage of integrated data aims at improving the aerosol retrieval quality by utilizing the high accuracy of ground measurements as validated in (Xu et al., 2005) (Vucetic et al., 2008) (Lary et al., 2009) (Obradovic et al., 2010) (Nguyen et al., 2010b) . A sample is a combination of a satellite pixel's attributes and an arithmetic mean of AERONET AOT values that satisfied collocation and time synchronization constrains. A samples features consist of the AERONET AOT at 0.553 µm, latitude, longitude, sensor zenith angle, solar zenith angle, relative azimuth angle, scattering angle, four reflectances at 0.646. 0.466, 1.243, and 2.119 µm, and land cover class. The feature selection is replied on inputs of LUT in the MODIS algorithm. AERONET AOT at 0.553 µm (AOT 553 ) is not measured directly from AERONET sites and it is calculated using log-linear interpolation from two AOT values of the closest channels 0.500 and 0.670 µm ( AOT 500 and AOT 670 , respectively), as follows:
AOT 553 = e log(AOT 500 )+(553−500) log(AOT 670 )−log(AOT 500 ) 670−500
(1) The scattering angle Θ was defined as:
where θ 0 , θ and φ are the solar zenith, sensor view zenith and relative azimuth angles, respectively.
Filtering and Clustering Techniques
The proposed filtering and clustering techniques are based on physical aspects of aerosol and satellite measurements. The Top Of Atmosphere (TOA) reflectance ρ * at a particular wavelength λ , measured by a satellite, can be approximated by
where ρ a λ is the atmospheric "path reflectance", F dλ is the "normalized downward flux" for zero surface reflectance, T λ is the "upward total transmission" into the satellite field of view, s λ is the "atmospheric backscattering ratio" and ρ s λ is the angular "surface reflectance". They are functions of solar zenith angle, satellite zenith angle, and solar/satellite relative azimuth angles (θ 0 , θ and φ, respectively).
The equation (3) presents that a satellite measured reflectance is mainly contributed from aerosol reflectance (i.e. path reflectance ρ a λ ) and surface reflectance (i.e. ρ s λ ). The functions F dλ , T λ and s λ also depend on aerosol optical thickness though for small surface reflectance they are less important. In physical algorithm, the path reflectance is separated and used to derive aerosol optical thickness using builtin parameters stored in LUT. The contribution of ρ * from path reflectance is larger on short wavelengths and low values of surface reflectance. Therefore, the error for deriving AOT from this approximation is smaller for dark surfaces. Dark pixels are determinate by the mid-infrared channels (2.1 or 3.8 µm) because those wavelengths are not effect by aerosol in the atmosphere.
Related to the filtering technique applied on integrated datasets, we made an assumption that dark pixels values are confident to select and match with AERONET measurements. Then, integrated data are grouped by acquisition time and AERONET location, referred to as a combination set. In each combination set, samples are sorted on the mid infrared band 2.13 µm and then, 50% of brightest and 20% of darkest pixels are discarded. This filtering process aims at removing noisy data and chooses pixels towards darkness for SVR model generation.
The proposed cluster technique is replied on priority of criteria applied over land surfaces excluding water, clouds, ice and snow to choose pixels for aerosol derivation in the physical approach (Kaufman and Tanre, 1997 
where ρ * 2.1 and ρ * 3.8 are TOA reflectance at wavelength 2.1 and 3.8 µm. The quality of the derivation is expected to decrease with the priority rank.
We proposed the clustering technique based on the first, third, and fourth priorities. Samples are separated into four groups based on thresholds in the mid-IR band 2.13 µm (from 0.01 to 0.05, from 0.05 to 0.10, from 0.10 to 0.15, and larger than 0.15). It aims at specializing SVR models for particular data groups.
Support Vector Regression for Inversion Process
SVR is applied for each cluster to create a corresponding data model. This takes advantages of the divideand-conquer strategy and therefore, it is easier to control, improve, and evaluate the SVR performance on each cluster.
The inversion problem is stated as follows. Given a training dataset including l samples:
where X denotes the space of the input patterns (i.e. X ⊂ ℜ d ), the target y i refers to as AERONET AOT at 0.553 µm. The input is expressed as a record of latitude, longitude, sensor zenith angle, solar zenith angle, relative azimuth angle, scattering angle, reflectance at 0.646 µm, reflectance at 0.466 µm, reflectance at 1.243 µm, reflectance at 2.119 µm, and land cover class. The ε-SVR, firstly introduced by (Vapnik, 1995) , is to find the optimal function f (x) that has at most ε deviation from the actually obtained target y i from the training data. The ε-SVR with epsilon loss function and Radial Basic Function (RBF) kernel provided by LIBSVM (Chang and Lin, 2011) is used in our method. The SVR algorithm is well known by generation performance which can be achieved by good settings of the ε-SVR parameters (i.e. regularization C, ε of the lost function, and p in the kernel function RBF). Because of high cost in cross validation for parameter selection on large datasets, we estimated those parameters using a practical approach proposed in (Cherkassky and Ma, 2004) .
Following this method, the parameter C can be chosen equal to the range of output y i values of training data. In order to limit the sensitiveness of C to possible outliers in the training data, C is proposed as C = max(|ȳ + 3σ y |, |ȳ − 3σ y |) (6) whereȳ and σ are the mean and the standard deviation of the y values of training data.
Parameter ε is estimated using the assumption that the value of ε should be proportional to the input noise variance. Based on the empirical results, the practical ε is proposed as:
where t, l and σ are the empirical dependency on the number of training data (proposed as 3), the number of samples in training data and the variance of additive noise δ, respectively. δ is described by:
where δ is independent and identically distributed (i.i.d) zero mean random noise, x is a multivariate input and y is scalar output, f (x) is regression function.
We denotesσ as the practical noise variance estimated from training data which will be used as σ in (7) for ε selection:
where k is window size, proposed in the 2 -6 range, of k-nearest-neighbours regression,ȳ i is a local average of training data estimated from k nearest neighbours.
The width parameter p in RBF kernel is presented as follows: The parameter selection in our approach is carried out on three steps:
• Initializing values of C, ε and p from training data using the methodology described above.
• Tuning parameter ε by changing empirical dependency parameter t in (7) to 30 (proposed as 3). It is due to our large training dataset, very small target values, and repeated target values on many samples as a result of integration process in which many satellite pixels are matched to one AERONET sites. Those lead to very small values of ε. The changing reduced number of support vectors to approximately 40% -50% of total number of training data and did not make strong effect on Mean Square Error (MSE) received in the cross-validation process.
• Tuning p in order to avoid the over-fitting when data models built on scatter data around AERONET site are applied in map domain. This step is based on two assumptions: (i) the fine aerosol prediction at 1 km 2 is not more accurate than the coarse aerosol prediction at 10 km 2 because of data noise, and (ii) the prediction errors increase by cluster priorities as mention in Section 3.2. In implementation, we calculate MSE of satellite MODIS AOT values and AERONET data in the current working dataset. The MSE for SVR models are selected from the range of cluster 1 and cluster 2 whose pixels are considered to be good for AOT derivation (i.e. from 0.060 to 0.075) for tuning p . The MSE on cluster 3 and 4 are large (∼ 0.1) and then are skipped because they lead to low accuracy of SVR model to ground-truth AERONET values.
Map Prediction Framework
In this section, we introduce the map prediction framework to derive AOT maps from MODIS L1B data using generated SVR models. The flowchart is presented in Figure 3 . The LC maps, produced by SOIL MAPPER (MEEO, 2011), distinguish types of pixels and perform the first cloud screening. This is due to the fact that aerosol estimation algorithm over land is applied on pixels of land instead of cloud, water, ice, snow. Because the AOT estimation on cloud contamination or bright pixels from satellite reflectance is not correct, we apply the second cloud screening process using the cloud masking procedure developed for retrieval of aerosol properties by MODIS (Remer et al., 2004) . The second cloud screening algorithm is based on spatial variability of reflectances on TOA in the visible wavelengths. Clouds show the high spatial variability in the range from hundred meters to few kilometers, while aerosol in general is very homogeneous. The original algorithm is proposed in (Martins et al., 2009) for cloud masking over ocean but this procedure has been extended to land and applied in both aerosol algorithms in Collection 005. The land algorithm generates a cloud mask using spatial variability of the 0.47 and 1.38 µm channels with thresholds 0.0025 and 0.003, respectively. If the standard deviation calculated for each group of 3 x 3 pixels is greater than the corresponding threshold, then the area of the entire 3 x 3 pixel box is considered as clouds. In addition, tests on visible channel reflectance thresholds are carried out. If the reflectance at 0.47 µm and 1.38 µm are greater than 0.4 and 0.025, respectively, the pixel is considered as a cloudy pixel. In our approach, all calculations are applied at 1 km 2 resolution for both 0.47 µm and 1.38 µm channels instead of 500 m and 1 km 2 resolutions, respectively as in the Collection 5 algorithm.
After cloud scanning processes, selected pixels are grouped into four clusters in order to apply the corresponding SVR data model to predict aerosol optical thickness. The final process collects predicted pixels, integrates with geo-information and then generates the AOT map.
EXPERIMENTS AND RESULTS

Pixel Domain
In this section, we present experiments on pixel domain referred to as pixels collected in areas around AERONET sites and used to make and test SVR models.
The The statistics on total dataset before and after application of filter is presented in detail in Table 1 . 30% out of the total 3,570,245 samples is remained after filtering. In the next step, those samples are grouped into four groups based on proposed thresholds of the mid-infrared band 2.13 µm as described in the Section 2.3. As shown in Table 2 , cluster 1, 2 and 3, considered as having good pixels for AOT estimation, hold most of data, i.e. 22.53%, 55.94% and 16.98% of total, respectively. For each cluster, 10,000 random samples are selected for each year to create training datasets, while the left data are used as testing datasets. The evaluation was carried out on each cluster using Mean Error (ME), Root Mean Square Error (RMSE) and CORrelation coefficient (COR) all of which are calculated from AOT values obtained by different methods. Table 3 shows the accuracy of SVR predictors in comparison with AERONET measurements on the pixel domain. In this experiment, all estimated AOT values using SVR are matched directly to corresponding AERONET values and validated. Using the proposed approach, four clusters achieve acceptable accuracy (COR ∼ 0.78 and RMSE ∼ 0.070). However, SVR models slightly underestimate AOT values, represented by negative ME. The general results on COR, RMSE, and ME, calculated by proportion of quantity of pixels in each cluster to the total number of pixels, are 0.782, 0.0694, and -0.0495, respectively. These results are considered as acceptable for AOT estimation at 1 km 2 of resolution where inputs are very variant and noisy in comparison with data used in coarser spatial resolution application (e.g. 10x10 km 2 of MODIS AOT). Another experiment is carried out on three pairs of AOT, that is, SVR AOT and AERONET AOT (SVR -AER), MOD04 L2 AOT and AERONET AOT (MODIS -AER), SVR AOT and MOD04 L2 AOT (SVR -MODIS). As described in Section 2.4, we created SVR models with MSE of SVR predicted values and AERONET target bounded by MSE of MODIS AOT and AERONET AOT in order to avoid overfitting. Therefore, the SVRs will have similar performance as MODIS algorithm on good pixels (clusters 1 and 2) in theory. This experiment aims at investigating the relationship between SVR AOT and MODIS AOT around AERONET site to explain the results of the next validation in which we predict and compare directly AOTs on map domain.
In the second experiment, all SVR AOT and MODIS AOT are aggregated by acquisition time and AERONET site, then averaged and validated to corresponding AERONET values. This method will give more stable validation results when data at different spatial resolutions are compared. Table 4 presents the obtained results. Firstly, the assumption about prediction quality decreased by cluster, as mentioned in Section 2.3, is presented correctly in this experiment. For both SVR and MODIS algorithm, the correlation of AOT values (COR) decreases while errors (RMSE) increases gradually from cluster 1 to cluster 4. The prediction errors are similar to MODIS AOT and SVT AOT on cluster 1 and 2 (RMSE ∼ 0.064 and 0.072, respectively). However, SVR AOT are more accurate than MODIS AOT on clusters 3 and 4 (RMSE = 0.077 and 0.078 vs. 0.100 and 0.104). As the result, SVR AOT and MODIS AOT are comparable on cluster 1 and 2 (COR ∼ 0.858 and 0.841, RMSE ∼ 0.057 and 0.076, respectively) but large different on clusters 3 and 4 (COR ∼ 0.728 and 0.375, RMSE ∼ 0.106 and 0.118, respectively). The correlation between SVR AOT and MODIS AOT is presented in the aggregated AOT scatter plot in Figure 5 . The relationship is worst on the cluster 4.
Map Domain
Map domain refers to all cloud-free pixels on images recorded by MODIS. The experiment carried out in map domain aims at evaluating quality of SVR models when they are used to derived AOT map from MODIS L1B data. The validation of algorithms working on map domain, up to now, is still a challenging problem because there are no confident target values for comparison. MOD04 L2 maps, con- sidered as one of the best products for aerosol monitoring at global scale nowadays, are used in our experiment. However, as shown in the previous section, re-sampled MODIS AOT also presents low quality in comparison with ground truth AERONET AOT for some certain cases (e.g. pixels of cluster 4).
We collected one map per month in three years from 2007 to 2009 covering the area of Italy as illustrated in Figure 6 . Thus, the validation dataset consists of 36 images. After applying the map prediction framework, as presented in the section 2, we received 36 AOT maps at 1 km 2 spatial resolution. Corresponding MOD04 L2 maps are collected and re-sampled into 1 km 2 maps by simply dividing one 10x10 km 2 pixel to one hundred of 1x1 km 2 pixels with same AOT values. Since the algorithms work on different spatial resolutions and use different methodologies for scanning good pixels, the two AOT maps are not completely overlapped. Therefore, the COR and RMSE are calculated only on match pixels which have both SVR AOT and MODIS AOT. An illustration of AOT map estimated by our SVR and MODIS algorithm is shown in Figure 7 . Table 5 presents the numerical results of the experiment on validation datasets. SVR AOT of clusters 1 and 2, occupying a big quantity of data (41.72% and 44.74%, respectively), have small errors and good correlation in comparison with MODIS AOT (COR ∼ 0.78, RMSE ∼ 0.057). The worst case happens to cluster 4 with COR = 0.401 and RMSE = 0.1213. Regarding the validation between SVR AOT and MODIS AOT in pixel domain, obtained results are generally consistent. In details, the decrease of COR can be observed in clusters 1, 2, and 3 while RMSE is slightly increase, especially on cluster 3. The difference of validation dataset and aggregation and instance comparison can be explained for this situation. The general COR and RSME are moderate and acceptable (0.769 and 0.0613, respectively). The map domain validation results are various for different datasets but following conclusions can be inferred. Firstly, the scanning of good pixels in our map prediction framework sweeps out many pixels of the cluster 3 and 4 because strictly constrains are applied, which is shown by a smaller amount of their pixels in compare with cluster 1 and 2. However, this process is necessary when estimation is carried out directly on values of 1 km 2 pixel in stead of averaged values of good pixels at 500 m selected in a box sized 10x10 km 2 as in MODIS algorithm. Secondly, the proposed SVR methodology performs well on most pixels of cluster 1 and 2, presented by good COR and low RMSE. Finally, the algorithm seems not work stably on pixels of the cluster 3. Some datasets have low COR in comparison with MODIS AOT. Also, the bad results are observed in pixels of the cluster 4. In fact, SVR models are built on AERONET AOT targets. As shown in the previous experiments, the relationship between SVR AOT and MODIS AOT is not really good for the cluster 3 and worse for cluster 4 in the pixel domain. More investigation on pixels of cluster 3 and 4 should be done in both physical and inversion algorithm aspects.
CONCLUSIONS
In this article, we proposed the methodology to estimate aerosol optical thickness at 1 km 2 from MODIS L1B data using SVR relied on domain knowledge. In the proposed approach, the satellite-based data and ground-based measurements over areas of interest are collected and integrated using temporal and spatial constrains. After that, filtering and clustering techniques are applied in order to reduce noise and total amount of data, and to separate them into four groups having different characteristics. Then, SVR technique is applied to create corresponding data models. Finally, in the prediction framework, aerosol maps at spatial resolution of 1 km 2 is derived from MODIS L1B data using SVR models retrieved in the previous step.
Experiments were carried out on data from 2007 to 2009, covering European areas, in both pixel and map domain. The evaluation results show that the proposed approach deals well with two mentioned arguments: (i) a very large and noisy dataset and (ii) the movement from pixel domain to map domain, presented as good quality of SVR AOT at 1 km 2 of resolution in comparison with values measured by AERONET and MODIS algorithm. Advantages of the usage of the cluster technique are proved when specific SVR models are created for different groups of data. Thus, the modeling of large and variant dataset is controllable and more effective. As a result, good and bad aerosol predictors using SVR models are pointed out, and therefore, investigation and improvement will be done further.
In future, we will focus on estimation of AOT in map domain. The inversion algorithms for spatial data will be investigated more deeply. Also, the validation will be extended on other areas. Application of the proposed methodology on data recorded by different satellite sensors will be aimed at.
